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Porous electrode is the critical component of solid-oxide fuel cells SOFCs and provides a functional material backbone for
multi-physicochemical processes. Model based electrode designs could significantly improve SOFC performance. This task is
usually performed via parameter studies for simple case and assumed property distributions for graded electrodes. When nonlin-
early coupled multiparameters of electrodes are considered, it could be very difficult for the model based parameter study method
to effectively and systematically search the design space. In this research, the optimization approach with a genetic algorithm is
demonstrated for this purpose. An anode-supported proton conducting SOFC integrated with a fuel supply system is utilized as a
physical base for the model development and the optimization design. The optimization results are presented, which are difficult
to obtain for parametric study method.
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Solid oxide fuel cell SOFC has been widely recognized as one
of the promising clean energy technologies. Porous electrode is a
critical component of SOFCs and provides a functional material
backbone for electrochemical reactions, charge migrations, fuel/gas
species transport, and heat transfer. As a result, the microstructure
properties of porous electrodes significantly affect the SOFC perfor-
mance, such as activation overpotentials and concentration overpo-
tentials. In order to understand the fundamental mechanisms associ-
ated with multi-physicochemical processes in porous electrodes,
mathematical modeling approach has been extensively employed in
literatures, where the model parameters associated with electrodes
are characterized using a spherical particle random packing
method.1-7 Upon mathematical model development, parameter stud-
ies are utilized to improve electrode performance. Ni et al.5 investi-
gated effects of electrode porosity, the porosity value of 0.4 identi-
fied can maximize cell performance under certain operating
conditions. Nam and Jeon6,7 found that particle diameter is the most
important parameter determining cell performance, e.g., smaller par-
ticles may lead to the reduced activation overpotential loss, the in-
creased triple phase boundary TPB length, and the increased con-
centration overpotential losses. Their studies also indicated that the
porosity and thickness of electrodes have the conflicting effects on
the cell performance. In this context, homogeneous electrode prop-
erty is generally assumed.
Functionally graded electrode has shed light on the novel elec-
trode design for SOFCs.8-10 Greene et al.8 investigated an electrode
with a functionally graded porosity distribution in one dimension
with the mean-transport pore model to approximate the geometry of
a porous media. Results showed that increasing the electrode poros-
ity near the electrolyte will improve the cell performance for certain
fuels. Ni et al.9 studied the particle size gradient using one-
dimensional modeling and consequently porosity gradient effects on
SOFC performance. The results demonstrated that while this design
could significantly enhance the gas transport for thick electrodes, too
much gradient for thin electrodes may increase the activation over-
potentials. It is also claimed that the particle size gradient is gener-
ally more effective than the porosity gradient. Cable and Sophie10
created a symmetrical, bielectrode supported cell, where the func-
tionally graded porous electrodes were fabricated using the freeze
tape casting technique. Recently, we developed a comprehensive
SOFC model to study functionally graded electrodes in a general
sense.
11 Results indicate that a suitable microstructure design of
electrodes may significantly improve SOFC performance.
While functionally graded electrode may provide great potentials
to improve SOFC performance, these designs are essentially ad hoc,
where the porosity and particle size of electrodes are assumed
empirically. It is well known that very complicated multi-
physicochemical processes are involved in functional electrodes;
consequently, very strong interdependency exists among heat trans-
fer, fuel/gas transport, charge migration, and electrochemical reac-
tions. The improvement of one aspect does not necessarily lead to
the improvement for others; on the contrary, it may cause perfor-
mance deterioration for others. For example, better mass transport
performance, e.g., large porosity of electrodes, may cause perfor-
mance decrease for charge conductivity of porous networks and the
effective triple phase boundary length. While the dense electrode
design may improve the conductivity for the charge transport, it will
inevitably lead to the increased mass transport loss. The competing
nature of these properties imposes a great challenge on suitable elec-
trode designs. Especially, SOFC performance is nonlinearly depen-
dent on multiparameters associated with the electrodes.
In this paper, a systematic design method is developed to tune the
porosity and particle diameter distributions of electrodes so that the
overall SOFC performance can be optimized. In particular, an SOFC
model is established to link the electrode property parameters asso-
ciated with electrode with a design objective function cell perfor-
mance. A genetic algorithm is employed to systematically search a
design space according to the model development. A proton con-
ducting button cell is utilized as an example to demonstrate the
optimization approach.
Mathematical Modeling
The SOFC model development is based on the experimental
setup as shown in Fig. 1. An anode-supported button cell is mounted
on one end of a large ceramic tube. The mixture of hydrogen and
vapor as fuel is supplied to the anode electrode via a small ceramic
tube. The surplus gas will flow out through the large ceramic tube.
The cathode electrode is exposed to ambient air. A tube furnace is
used to control the temperature of the cell test stand. Due to the axial
symmetry, two-dimensional computational domain is employed and
a proton conducting SOFC NiO-BZCY7/BZCY7/BZCY7-GBCF12
is employed as a physical base for the model development. In order
to keep the conciseness and compactness of the paper, the math-
ematical model is summarized in Table I. The detailed SOFC mod-
eling approach can be found in our recent paper.11 The model asso-
ciated parameters are characterized in Table II.
Model Validation
The mathematical model presented in this paper is solved using
the finite element package COMSOL MULTIPHYSICS version 3.5a. For a
specified cell voltage at anode electrode boundary, the correspond-
ing cell average current density is calculated. The cell polarization
curve is then obtained by specifying a series of cell voltages and
calculating the corresponding average current densities.z E-mail: Xue@cec.sc.edu
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Model validation with experimental results is very useful to test
model behavior upon the variation of physical parameters. For this
purpose, we measured polarization performance of an in-house
made button cell NiO-BZCY7/BZCY7/BZCY7-GBCF consisted
of a 650 m thick NiO-BZCY7 anode-supported layer with rela-
tively large porosity, an 80 m NiO-BZCY7 anode functional
layer with relatively small porosity, an 20 m thick BZCY7 elec-
trolyte membrane, and an 15 m GBCF + BZCY7 cathode layer.
The cell was tested from 600 to 700°C with humidified hydrogen
3% H2O as fuel and the static air as oxidant.12The experimental
result is shown in Fig. 2. The physical parameters used in the model
validation are shown in Table III. The parameters with “*” are dif-
ficult to determine in the experiment and are used as adjustable
parameters to fit the model predictions with the experimental results.
The comparison results are shown in Fig. 2. It can be seen that the
numerical results agree reasonably well with the experimental re-
sults.
Electrode Optimization via Genetic Algorithm
The validated SOFC model then can be employed to improve/
optimize the cell performance. This task is generally performed
through parameter study in literature, where the design parameters
are varied in certain ranges and the cell performance is examined
accordingly. The parameters corresponding to the best cell perfor-
mance are claimed as the desired design parameters. However, this
parameter sweeping design method might be only applicable for
relatively simple cases with a couple of design parameters. Consid-
ering the multidesign parameters of SOFC electrodes, it will be
extremely difficult for such a design method to single out the design
parameter values corresponding to the optimal cell performance,
where the design space defined by multiparameters is multidimen-
sional, the design solutions induced by the combination of these
parameters could be infinite.
In this paper, a genetic algorithm is employed to design elec-
trodes through the effective searching of the design space so that the
cell performance can be maximized. Genetic algorithm is an adap-
tive optimization strategy and is used to search the design space
according to the principle of natural selection and the survival of the
fittest. Figure 3 illustrates the SOFC electrode optimization proce-
dure using a genetic algorithm. The initial population electrode de-
sign is generated either randomly or empirically. Each individual in
the population represents a possible solution e.g., distributions of
porosity and particle size for electrode in the design space and is
generally called a chromosome; the design solution is described by a
binary code. For each individual, their corresponding objective func-
tion e.g., cell polarization performance is calculated using the
Figure 1. Color online Schematic of an experimental SOFC button cell.
Table I. Mathematical model.11
Governing equations Mathematical expressions
Charge conservation electron Anode electrode layer:  aeff  e = − jaSTPBCathode electrode layer:  ceff  e = − jcSTPB
1
Charge balance proton
Electrolyte layer:    p = 0Anode electrode layer:  aeff  p = jaSTPB
Cathode electrode layer:  ceff  p = jcSTPB

2
Mass conservation
ui −  jDieff  xi + xi −  jpp  = Si 3
Momentum conservation
Channel:u  u =  	− pI + 
  u +   uT − 23   uI
u = 0 
Electrode:	K + Smu =  	− pI + K
  u +   uT − 23   uI
u = Sm

4
Energy conservation
	k  T + 
i
hini + Cpu  T = She + Shj 5
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Table II. Model parameter characterization.11
Volumetric current densities
 ja = j0,refH2 

cH2
cH2,bulk
exp	nFaRT  − exp	− 1 − nFaRT 
jc = j0,refO2 
 cO2
cO2,bulk
exp	nFcRT  − cH2OcH2O,bulk exp	−
1 − nFc
RT  
6
Cathode exchange current density
j0,refO2 =
	caRT
4F
exp	− Eact,caRT pO2,ca0.25
7
Anode exchange current density
j0,refH2 =
	anRT
4F
exp	− Eact,anRT pH2,an0.25
8
Activation overvoltage i = e − i − 
eq 9
Effective ionic conductivity eff = 1 − Pelm 10
Effective electronic conductivity eff = 1 − 1 − Piom 11
Probability for i-phase particles
Pi = 
1 − 	4.236 − Zi−i2.472 2.50.4
12
Volumetric reactive surface area
STPB =  sin2cNtdeldionelnioPioPel
ZelZio
Z
13
Coordination number
Zi−j = nj
ZiZj
Z
Zel = 3 +
Z − 3
nel − 1 − nel	diodel
2
14
Zio = 3 +
Z − 3
nel	 deldio
2
− 1 − nel
Number fraction
nel =
	diodel
3
el
1 − el + 	diodel
3
el
nio = 1 − nel
15
Number density of all particles
Nt =
1 − 
	43 del3	nel + 1 − nel	diodel
3
16
Effective diffusion coefficient
Dij
eff
=


	 DijDKn,iDij + DKn,i
17
Binary diffusivity coefficient
Dij =
1.43e−8T1.75
pMij
1/2vi
1/3 + v j
1/3
18
Mean molecular mass
Mij =
2
1
Mi
+
1
Mj
19
Knudsen diffusion coefficient
DKn,i =
97
2
dpore TMi ,dpore = 23 1 − dp
20
Average molecular weight
M = 
j=1
n
xjMj
21
Density
 =
pM
RT
22
Permeability
K =
3dp3
1801 − 2
23
Mass source term
S = 
i
jiMi
niF
Sm = 
i
STPB
jiMi
niF
24
Heat source term
Sh
e
= 
Eelec-chem − 
G
j
niF
,Shj = ioio
2
25
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above SOFC model relating the design solution to the cell perfor-
mance. Based on the objective function value, the fitness then is
assigned for each individual. If stop condition is not satisfied, the
procedure will generate new descendents through three step opera-
tions, e.g., selection, crossover, and mutation. In the selection step,
the parents are selected from the population using a scheme that
Figure 2. Color online Comparisons between simulation results and ex-
perimental data.
Table III. Parameters used for SOFC model validation.3,5-7,11
Parameter name Validation Investigation
Furnace operating temperature, Top °C 600/650/700 700
Pressure, p Pa 101,325 101,325
Fuel composition, xH2:xH2O 0.97:0.03 0.97:0.03/0.5:0.5
Air composition, xO2:xH2O:xN2 0.18:0.03:0.79 0.18:0.03:0.79
Anode conductivity,  S/m 	9.5  107T e−1150/T 	9.5  10
7
T e−1150/T
Cathode conductivity,  S/m 	4.2  107T e−1200/T 	4.2  10
7
T e−1200/T
*
Electrolyte conductivity,  S/m 0.19/0.27/0.35 0.35
Electrolyte thickness, lel m 20 20
Anode support layer thickness, lsl m 680 700 Total thickness
Anode active layer thickness, lal m 15
Cathode electrode thickness, lca m 15 50
Electrolyte and anode radius cm 0.5 0.5
Cathode radius cm 0.25 0.25
Fuel inlet channel radius cm 0.09 0.09
Fuel inlet channel wall radius cm 0.035 0.035
Porosity of anode support layer 0.4 0.2–0.6
Porosity of anode function layer 0.2 0.2–0.6
Porosity of cathode 0.35 0.2–0.6
*
Tortuosity of anode support layer, sl 4.0 
−0.5
*
Tortuosity of anode function layer, al 4.0 
−0.5
*
Tortuosity of cathode, c 3.0 
−0.5
Particle diameter dp del dio m 0.25 0.1–1
*
Contact angel between e− and O2− conducting particles  °C 15 15
Volume fraction of e− conducting particles,  0.5 0.5
*
	ca
5.76  1010 5.76  1010
*
Eact,ca J/mol 130,000 130,000
*
	an
3.39  1012 3.39  1012
*
Eact,an J/mol 120,000 120,000
Parameters marked with an asterisk  * are adjustable parameters.
Figure 3. Flow diagram of genetic algorithm.
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favors the more fit individuals. With the two selected parents, the
crossover operation is employed to cut their chromosome strings at
a randomly chosen position. The tail segments are then swapped
over to form two offspring. The mutation operation is then applied
to each child individually after crossover, and randomly alters each
gene bit of coding string with a small probability. It is generally
recognized that the crossover may rapidly explore the design space
while the mutation provides a small amount of random search and
ensures that every point in the design space has probability to be
examined.13-15 With new descendents, the procedure performs the
next iteration of the search until the optimal design solution is ob-
tained.
In order to perform the optimization design, both the electrode
porosity and the particle size are represented using graded functions
in a general sense11
iZ = 0.4Zi + 0.2 Z  0,1 i = a,c i  0.1,20
26
diZm = 0.9Zi + 0.1 Z  0,1 i = a,c i  0.1,20
27
where subscripts a and c represent anode and cathode, respectively;
Z is a dimensionless parameter measuring the distance between the
electrode/electrolyte interface corresponding to value 0 and the
electrode/gas channel interface corresponding to value 1;  and 
are variables defining the shape of graded porosity and particle size
distributions. The distributions defined by Eq. 26 and 27 can be
parabolic, linear, and inverse parabolic. As a result, the porosity and
particle size monotonically increase from the electrode/electrolyte
interface toward the electrode/channel interface. This idea is in-
spired by the functionally graded electrodes fabricated using the
freeze tape casting technique,10 where the porosity reaches the mini-
mum value at the electrode/electrolyte interface while reaching the
maximum value at the electrode/channel interface. The porosity and
particle size are dependent on the specific fabrication processes. The
upper and lower bounds are established based on the fundamental
physical considerations. For example, the electrode with too high
porosity might not be practical, so the upper bound 0.6 is chosen in
this paper; considering the functionally graded design, the lower
porosity bound less than the upper bound is needed, e.g., 0.2. The
particle size is dependent on the specific synthesis process, here the
bound 0.1 m, 1 m is chosen. For practical designs using the
proposed method, these parameters can be adjusted according to the
specific synthesis/fabrication processes. The purpose of the design is
to search for suitable combinations of porosity and particle size
distributions via a genetic optimization algorithm so that the cell
performance is maximized.
Two issues need to be solved for genetic algorithm implementa-
tion: one is the genetic representation of the design variables; an-
other one is the definition of fitness function measuring the quality
of the represented solution. According to Eq. 26 and 27,  and  are
the design variables. To implement the genetic representation of
design solution, the following transformation is employed
i =
pr
255
i,max − i,min + i,min
i =
pr
255
i,max − i,min + i,min  28
where i,max and i,min are the maximal and minimal values of i,
and i,max and i,min are the maximal and minimal value of i, re-
spectively. The “pr” is an eight-bit binary code string representing
the corresponding decimal values of  and . For an eight-bit binary
code string, the maximum value is 11111111 and the minimum
value is 00000000, and when transformed into decimal numbers,
the values are 255 and 0, respectively. As a result, the pr variation
between 00000000 and 11111111 in the binary code format is
equivalent to the pr variation between 0 and 255 in the decimal
format. A eight-bit code can approach to a precision of 4  10−3;
therefore, the relative error of i or i expression is less than 1% in
this paper.16,17 During the searching procedure of optimal solutions,
Eq. 28 is utilized for a two-way transformation between  and  and
their corresponding eight-bit binary codes. The values of  and  are
used for the SOFC model to calculate the objective/fitness functions,
while their corresponding eight-bit binary codes are utilized for the
operations of the genetic algorithm.
Because the purpose of the optimization is to maximize the cell
performance, the cell average current density is employed as the
fitness/objective function as shown in Eq. 29, where the summation
of the cell current densities under the concerned cell voltage range
will be maximized. In Eq. 29, j is the average current density of the
cell and M is a constant coefficient used to facilitate the calculation
of genetic algorithm optimization
fitness = M  
Vcell
jVcell 29
The genetic algorithm is implemented using the in-house devel-
oped code. The SOFC simulation is embedded into the optimization
loop for optimal solution searching. Due to the global property of
genetic algorithm,13 the initial population to start the algorithm is
randomly selected within the bounds in Eq. 26 and 27.
Results and Discussion
For the design of electrodes, the combination of both the particle
size and the porosity is optimized. The basic physical parameters of
the model are shown in Table III. Four cases are considered and
compared, including homogeneous particle diameter and graded po-
rosity case I: homo-dp, heter-, graded particle diameter and ho-
mogeneous porosity case II: heter-dp, homo-, homogeneous par-
ticle diameter and porosity case III: homo-dp, homo-, and graded
particle diameters and graded porosity case IV: heter-dp, heter-.
The general graded porosity and graded particle diameter are repre-
sented using Eq. 26 and 27, respectively. For homogeneous case, the
porosity and particle diameter are uniform, e.g.
i = i i = a,c i  0.2,0.6 30
dim = im i = a,c i  0.1,1.0 31
In the experimental setup shown in Fig. 1, the cathode is exposed to
air, the humidified hydrogen is supplied to the anode through a small
ceramic tube. In optimization designs, three fuel compositions at the
inlet of fuel supply tube are assumed; i.e., the molar ratio of hydro-
gen to vapor is chosen as 0.97:0.03, 0.6:0.4, and 0.4:0.6, respec-
tively. Using optimization procedure illustrated in Fig. 3, we per-
form electrode designs according to Eq. 26, 27, 30, and 31. The
history of fitness value evolution is shown in Fig. 4. The vertical
axis is the fitness while the horizontal axis is the number of iteration
times. It can seen that the fitness reaches a stable value for each of
the four design cases after about 500 times iteration and the genetic
algorithm converges.
The corresponding optimization results of the cell performance
are shown in Fig. 5. When the inlet molar ratio of hydrogen to vapor
is relatively high H2/H2O = 0.97:0.03, the performances of the
cell with different electrode designs are quite similar to each other as
shown in Fig. 5a. At a high cell current density, the cell performance
shows a slight difference. When the fuel composition at the inlet of
supply tube changes to H2/H2O = 0.6:0.4, the cell performance
comparison is shown in Fig. 5b. It is obvious to see that the cell
performance difference is significant when the current density is
beyond 3700 A/m2. The performance of the cell with homoge-
neous electrode design uniform particle size and uniform porosity
distribution is the worst one, while the cell with heterogeneous
electrode design obtains the best performance and is quite close to
case II electrode design heterogeneous particle size and homoge-
neous porosity. The performance of the cell with case I electrode
design homogeneous particle size and heterogeneous porosity dis-
tribution is in between. It is worth mentioning that even though the
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cell with homogeneous electrode design has the worst performance,
it is the best performance we can obtain using the optimization
algorithm when the homogeneous electrode is assumed. When the
fuel composition at the inlet of the supply tube changes to
H2/H2O = 0.4:0.6, the optimized cell performances are shown in
Fig. 5c. The cell performance shows a similar trend to those shown
in Fig. 5b; however, the performance starts to deviate from each
other beyond the current density of about 2500 A/m2, and the dif-
ference becomes increasingly significant when comparing the homo-
geneous electrode design case III: uniform particle size and uni-
form porosity to the rest of electrode designs. One may notice that
the optimization results are dependent on the operating conditions,
e.g., fuel composition at the inlet of supply tube. One may also
notice that the cell with heterogeneous electrode design case IV
obtains the best performance, while that with homogeneous elec-
trode design case III has the worst performance. The graded elec-
trode design may effectively improve the cell performance under the
conditions of the high current density and the low ratios of hydrogen
to vapor. In all of the three fuel composition conditions, the elec-
trode design with heterogeneous particle size and homogeneous po-
rosity case II obtains a similar cell performance to that with het-
erogeneous particle and porosity case IV, indicating that the
graded particle size has more potentials to improve the cell perfor-
mance than the graded porosity in the present system settings.
The corresponding electrode anode and cathode design results
are detailed in Table IV for different fuel compositions. For homo-
geneous porosity cases I, II, and III, the optimized value consis-
tently reaches the specified low limit porosity of 0.2 for the cathode;
the optimized porosity for the anode reaches the specified high limit
value of 0.6 with an exception of case III under the fuel composition
of H2/H2O = 0.97:0.03, where the optimized porosity is 0.451 as
shown in Table IV. In the anode-supported SOFC, the anode elec-
trode is much thicker than the cathode electrode, consequently, the
high porosity for the former facilitates the fuel diffusion; however,
the low porosity for the cathode indicates that the gas diffusion
resistance is not a major hurdle for the thin cathode in this work. For
homogeneous particle size cases cases I and III, the optimized
diameter unanimously reaches the specified low limit value of
0.1 m for the cathode and anode with homogeneous porosity.
When the heterogeneous porosity is employed for the anode case I,
the optimized particle diameter is dependent on the fuel composi-
tion. When the ratio of hydrogen to vapor is relatively high
Figure 4. Color online Fitness evolutions in optimization process.
Figure 5. Color online Optimized cell
performances with different inlet fuel
compositions.
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0.97:0.03, the optimized particle diameter is still 0.1 m. When
the ratio of hydrogen to vapor reduces to a relatively low value, e.g.,
0.6:0.4 and 0.4:0.6, the optimized particle diameter raises to 1 m.
In the case of graded electrode designs, the results listed in Table
IV for the anode electrode are visualized in Fig. 6, including the
graded porosity Fig. 6a through 6c and the graded particle size
Fig. 6d through 6f. When the fuel composition at the inlet of fuel
supply tube is set at H2/H2O = 0.97:0.03, the optimization result of
the anode porosity distribution is identical for case I homogeneous
particle size and heterogeneous porosity and Case IV heteroge-
neous particle size and heterogeneous porosity as shown in Fig. 6a.
The corresponding optimized particle size distribution for case IV is
shown in Fig. 6d, which is different from the optimized homoge-
neous particle size for case I. This difference drives a slight distinc-
tion of the cell performance for case I and case IV as shown in Fig.
5a. When the ratio of hydrogen to vapor at the inlet raises to 0.6:0.4
and 0.4:0.6, the optimization results of Case IV are shown in Fig. 6b
and 6c for the porosity distributions and in Fig. 6e and 6f for the
particle size distributions. Because both porosity and particle size
distributions of Case IV are different from those of Case I, the
differences of corresponding cell performances shown in Fig. 4b and
4c become significant. The comparisons of case II heterogeneous
particle size and homogeneous porosity with case IV are shown in
Fig. 6e and 6f. Under the different inlet fuel composition settings,
the optimized particle size distributions are almost identical. Al-
though the porosity distributions for case II and case IV are totally
different, the corresponding cell performance is very close to each
other as shown in Fig. 4a through 4c. This observation again indi-
cates that the particle size gradient is more effective than the poros-
ity gradient in cell performance improvement in the present system
settings.
For the graded cathode design, the optimized design parameters
 and  unanimously reach the maximum value of 20. Considering
Eq. 26 and 27, we can see that the porosity and particle size distri-
butions are approximately uniform with values of 0.2 and 0.1 m,
respectively. In the anode-supported SOFCs, the cathode layer is
very thin. The path of the oxygen air transport from the surround-
ing atmosphere to the reaction sites is very short. Additionally, the
free air breathing is employed for the gas supply at the cathode side
in the current physical settings. Consequently, the functionally
graded distributions do not play critical roles in this case. Instead,
the fine particle size and the small porosity will increase the effec-
tive reaction area and facilitate the cell performance improvement.
These are the reasons that the optimized cathode property ap-
proaches uniform and reaches the minimum bound 0.2 for the po-
rosity and 0.1 m for the particle size even though the graded
cathode is assumed for the optimization process.
According to the optimized electrodes in Table IV, the corre-
sponding hydrogen molar fraction distribution is further examined,
where the operating condition for the cell with the inlet fuel com-
position of H2/H2O = 0.6:0.4 and the cell voltage of 0.4 V is chosen
as an example. Figure 7 shows the hydrogen molar fraction distri-
butions with different electrode anode and cathode designs. Essen-
tially the hydrogen molar fraction decreases from the inlet toward
the anode/electrolyte interface. The gradient of hydrogen molar frac-
tion distribution is induced by the combinational effects of electro-
chemical reaction and diffusion resistance. The lower hydrogen mo-
lar fraction in the anode will result in the higher concentration
overpotential loss. From Fig. 7, one can see that the case III design
Table IV. Optimization results.
a Optimization results with xH20.97:xH2O0.03
Case a c a c
I: homo-dp, heter- 0.373 20 0.1 0.1
II: heter-dp, homo- 0.6 0.2 1.932 20
III: homo-dp, homo- 0.451 0.2 0.1 0.1
IV: heter-dp, heter- 0.375 20 1.683 20
b Optimization results with xH20.6:xH2O0.4
Case a c a c
I: homo-dp, heter- 0.341 20 1 0.1
II: heter-dp, homo- 0.6 0.2 1.124 20
III: homo-dp, homo- 0.6 0.2 0.1 0.1
IV: heter-dp, heter- 0.1 20 1.069 20
c Optimization results with xH20.4:xH2O0.6
Case a c a c
I: homo-dp, heter- 0.195 20 1 0.1
II: heter-dp, homo- 0.6 0.2 0.897 20
III: homo-dp, homo- 0.6 0.2 0.1 0.1
IV: heter-dp, heter- 0.1 20 0.877 20
Figure 6. Color online Anode porosity
distribution of cases I and IV a–c and
particle diameter distribution of cases II
and IV d–f.
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leads to the highest concentration overpotential loss, this observa-
tion is consistent with the cell performance shown in Fig. 4b. Al-
though the cell with the case I design has the highest hydrogen
molar fraction within the anode, the corresponding performance is
not the best one Fig. 4b. Other parameters such as particle size also
affect the electrode property and consequently the cell performance.
This result further confirms the previous understanding that the elec-
trode property is determined by several competing parameters. The
hydrogen molar fraction distributions in Fig. 7b and 7d can be simi-
larly interpreted.
Conclusions
A comprehensive mathematical model of anode-supported SOFC
integrated with a fuel supply tube is presented. The model is vali-
dated using the experimental results of a proton conducting SOFC
NiO-BZCY7/BZCY7/BZCY7-GBCF under different operating
conditions. Based on the model development, a genetic optimization
method is employed to design the electrodes anode and cathode so
that the cell performance is maximized. Results indicate that the
optimization results of graded electrodes may obtain the best cell
performance while those of homogeneous electrodes obtain the
worst cell performance. The graded particle size distribution is more
effective than the graded porosity distribution on the cell perfor-
mance improvement. The optimization results are dependent on the
cell operating conditions. For the anode-supported SOFC with free-
air breathing conditions, the optimized cathode properties tend to be
uniform with the minimum particle size and minimum porosity.
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List of Symbols
ci concentration of species i
dp particle diameter in porous electrode, m
dpore pore diameter in porous electrode, m
Dij binary mass diffusion coefficient of a mixture species i and j,
m2 s−1
Dij
eff
effective diffusion coefficient, m2 s−1
DKn,i Knudsen diffusion coefficient of species i, m2 s−1
E Activation energy, J mol−1
F Faraday’s constant: 96,487, C mol−1
h enthalpy
I identity matrix
ji current density, A m−2
j0 exchange current, A m−2
K permeability of porous electrode, m2
k Thermal conductivity, W m−1 K−1
M average molecular weight, kg mol−1
Mij mean molecular mass
ni molar flux vector
ni Number fraction
Nt number density of all particles, m−3
p pressure, Pa
Pi probability for i phase particles to form percolated or globally
continuous clusters
R universal gas constant, J mol−1 K−1
Sh
e heat generation due to electrochemical reaction, W m−3
Sh
j heat generation due to Joule heating, W m−3
Si reaction source term for species i, kg m−3 s−1
Sm mass source term, kg m−3 s−1
STPB volumetric reaction surface area, m−1
T temperature, K
u fluid velocity, m/s
v diffusion volume of gas
V potential, V
xi mole fraction of species i
y direction perpendicular to electrolyte layer, m
Zi total coordination for i phase particles
Z total average coordination number
Greek
 electron transfer coefficient usually 0.5
	 tuning parameter, −1 m−2
 porosity
 overpotential, V
 protonic conductivity, S m−1
 optimization variable
 optimization variable
 ratio of the circumference of a circle to its diameter
 density, kg m−3
 electronic conductivity, S m−1
 tortuosity
 potential, V
 volume fraction of electron conducting particles
i weight fraction of species i
Subscripts
a anode
c cathode
el electronic
eq equilibrium
i species i
pol polarization
pro protonic
ref reference
st perturbation
st static
t transient
Superscripts
eff effective
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